The inaccuracy of the predictions of the future growth rate of output is due to the lack of information needed to eliminate uncertainty. The aim of the paper is to predict the growth rate of the output within a short time period using the fuzzy approach, which is an appropriate tool for analyzing problems burdened by uncertainty. First, we briefly compare the fuzzy approach with the statistical methods in the cases where predictors face a non-deterministic environment. The principles of the fuzzy set theory is described and then applied in the gross domestic product growth rate prediction of Greece for the years 2018 (compared to the reported econometric forecast) and 2020 (a new contribution to the paper). The forecasts lean on the input components of the previous four-year development of three macroeconomic indicators (long-term interest rates, investments and unemployment) published in the OECD.stat, which are the basal input parameters of the task. The fuzzy prediction results showed no significant deviations from the statistical predictions. Nevertheless, the model input data monotonic development enabled us to demonstrate one of the ways by means of which the experts can correct the deficiencies of the fuzzy algorithm. Herein identified deficiency is the missing information originating from the input data, which the fuzzy algorithm did not work with. The appropriate corrective measure of the fuzzy model has been chosen and applied.
Introduction
The inaccuracy of the outcome of the prediction of the future growth rate of any state output is due to the lack of information needed to the complete elimination of uncertainty we face in every non-deterministic environment. This uncertainty is associated with both the inputs to the prediction model and its functioning. In the first case, we talk about "external" uncertainty stemming from the incomplete knowledge of the relevant values of known factors entering the prediction model (López-Duarte & Vidal-Suárez, 2010). They, together with the unknown values and therefore not considered factors in the model, influence the future growth rate of the output. In the latter case, we talk about the "inner" uncertainty stemming from the approximate character of the formal description of the considered relationships between inputs and outputs of the prediction model (Bloom, 2009 ). In each of these cases, we can encounter the uncertainty of two different kinds. The uncertainty in terms of randomness, whose objectively identified basic statistical characteristics are known, and uncertainty in the sense of "fuzziness", which predominantly derives from the vagueness of the terms (e.g., few, little, approximately, a little, essentially, simply, complexly, significantly, analogously, etc.) occurring in the description of the situation and indicating the subjective understanding of intuitive concepts (Herrera & Herrera-Viedma, 2000; Cabrerizo et al., 2015) .
Econometrics silently identifies uncertainty with randomness by considering the existing uncertain alternatives as equally probable in the context of the indifference principle (see Dubois, 2006) and building the prediction models solely on the basis of the probability theory and mathematical statistics (see e.g., Timmermans et al., 2017 or Vochozka et al., 2019 . Observed data sets are represented by a system of impartial point estimates of selected characteristics (statistics) from which the predictive model derives a statistically expected value of the result. The sophisticated and complicated multiple regression algorithms help to extract as much information as possible from the available data.
However, a number of system theory authorities (see, for example, Zadeh (1996) or Herrera et al. (2009) ) call into question the effectiveness of decision-making and management procedures based on the approximation of uncertainty with randomness. In terms of uncertainty, their works operate with the terms of linguistic variables formalized by fuzzy sets instead of the numerical values of random variables. Zadeh´s work conception of terms as representatives of intuitive concepts is in line with Kahneman´s conception of the functioning of the human mind (see Kahneman, 2003) .
The aim of the paper is to present the fuzzy algorithm of the short-term prediction of the output growth rate operating under conditions of inner uncertainty and formulated within Zadeh´s fuzzy approach offering subjectively expected values as an alternative to statistically expected values. It deals with the fuzzy algorithm of the progression of the time series, specified in the methodological part, which is preceded by a brief discussion of the basic principles of the fuzzy approach. In the application section, the fuzzy algorithm is used for the estimation of the GDP growth rate of Greece in 2018 (the comparison with the published econometric forecast) and 2020 (a contribution to the paper).
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Methods of Research: The Fuzzy Approach
The fuzzy approach can be traced in different versions of fuzzy logic, which was formed by adapting the binary numerical characteristics of the proposition operators to the interval 0.1 (Hašková & Fiala, 2019) . The fuzzy logic performs a tool for handling fuzzy sets, the theory of which was published by Zadeh (1973).
Principles of the Fuzzy Set Theory
Let the set U be a field of consideration or discussion. Let μ A : U → 0,1 be a membership function and let A = {(y, µ A (y)): y  U} be a set of all pairs (y, µ A (y)) in which the numbers 0 ≤ µ A (y) ≤ 1 assign to the given y  U a membership degree of the pair (y, µ A (y)) to the set A.
Then A is a fuzzy subset on the universe U. The significant characteristic of fuzzy subset A is its support
In terms of fuzzy logic µ A (y) = |y  U A |. The element y  U with µ A (y) = 0.5 is called the crossover point in A. In the case of values greater than 0.5, the element y rather belongs to U A , in the case of the smaller ones it rather does not belong to it (Dubois & Prade, 1996) .
In this paper, the numerical fuzzy sets are formal representations of terms of linguistic variables. For our purpose, the model with one internal and two border fuzzy sets for the terms low (L), common (M), and high (H) value is suitable. Interval U is divided with the points a, b, c, d into five sections with the following membership functions (1): The expert determines the position of the points a, b, c and d in the universe U. In the case of their regular distribution, we get the courses of the functions μ shown in Figure 1 in section 2.
From it we see that the linguistic variable acquires the values at two levels: at the level of the basal values y in the universe U and at the level of terms (intuitive concepts) as fuzzy subsets of L, M, H in the universe U. Each of these terms is defined by its membership function μ L , μ M , μ H over the field of its support, which is a subset of U.
Another important tool of the fuzzy set theory is the rule. In our considered model with n input linguistic variables and one output linguistic variable it is an element
The n-tuple of terms (A 1,…, A n ) is the left side of the rule, the term F(A 1,…, A n ) is the right side of the rule. The relation F has a maximum of n 3 elements. We call it a set of inferential rules (Běhounek & Cintula, 2006).
One of the basic concepts of the fuzzy set theory is the so-called extension principle (in detail see Kahraman, 2008) . Our modification of the extension principle is based on the following steps:
 Fuzzification in which the input vector x = (x 1 ,…, x n ) converts each inference rule from the set P into the logical notation mode.  A set of partial results is a set B = {min{min{μ 1 (x 1 ),…, μ n (x n )}, μ B }: (min{μ 1 (x 1 ),…, μ n (x n )}, μ B )  P*}.  Aggregation or summation of functions of set B into a compact unit and its aggregate μ agg detection; this compact unit is a fuzzy subset on the universe V with μ agg = max{min{min{μ 1 (x 1 ),…, μ n (x n )}, μ B }: (min{μ 1 (x 1 ),…, μ n (x n )}, μ B )  P*}.  Defuzzification, which transforms the result from the level of terms (the function µAGG(y) of the fuzzy set AGG) into y0  Y in the space of basal values of the output linguistic variable. We ascertain the basal value y0 as the horizontal coordinate of the center of gravity of the area under the course of the function µAGG(y). Thus:
where ∫ is the symbol of a certain integral over the universe Y.
Since the resulting constant y 0 is largely the result of the subjective experience and opinions of experts who created the model, we call it a subjectively expected value.
Task Assumptions and Input Data
The formulation of the fuzzy prediction model of the next time series member has its own specificity consisting of the fact that previous members of the resulting series are known (the historically measured values). Specifically, in the case of the GDP growth prediction it is possible to estimate the phase of the current GDP development (decline, depression, growth, stable boom, etc.). We also know the previous part of the baseline values of several linguistic variables, on which GDP depends (albeit, largely vaguely). This is reflected in the values of the extreme limits within which we look for the result of the prediction. If the predominant element strategy is chosen in formulating the system of inferential rules with three inputs, then for the conversion of the value x of the universe of the input linguistic variable having a positive or featureless influence on the output linguistic variable it applies that u = 100 • (xx min ) / (x maxx min ). In the case of a negative influence on the output linguistic variable, u = 100 -(100 • (xx min ) / (x maxx min )) holds.
In both of the latter mentioned cases x max , or respectively, x min is the highest, or respectively, the lowest given value x within the monitored period.
In our case, the output linguistic variable is the growth rate of the GDP in the year immediately following the monitored period. The percentage increase in investments (INV) increases the growth rate of GDP (a positive effect); high value of interest rates (LTI) tends to decelerate the GDP growth rate (a negative impact); unemployment (UNE) in connection with the real product at the level of its potential has a rather vague effect on the GDP growth rate.
2
Results of the Research
The course of the ΔGDP% (see Table 1 ) during the period 2014 -2017 shows a recession phase with a subsequent recovery in 2017 of the Greek economy. The economic growth is expected to continue in the coming years (see European Economic Forecast, 2018) . The formulation of the predictive fuzzy model for the year 2018 is based on the characteristics of this period.
A priori expected value of ΔGDP% for the year 2018, according to the expert's opinion, is searched for within the limits of the given values x min = 1, x max = 2.5; e.g., the conversion of the ΔGDP% value given in 2017 is y 17 ≈ 27 (100 • (1.4 -1) / (2.5 -1) = 26.66). Analogously, for the converted values in 2017 of the given inputs the following applies:
 uLTI = 100 -(100 • (6.1 -6.1) / (9.7 -6.1)) = 100;  uINV = 100 The predictive fuzzy model for 2020 is based on the data of the 4-year period 2016-2019, with 2018 and 2019 (the highlighted columns) recording the econometric predictions of the respective values. For the conversion of the values of inputs given in 2019 in a general formula the same applies as we already encountered in 2017; again, we get the same vector (100, 100, 100) U of recalculated inputs. All the operations with the fuzzy sets described above are repeated, µ AGG coincides with µ H (see Fig. 2 ), with the result y 0 = 84.4, from which we get ΔGDP% = 2.27.
3
Results Discussion
Both of the predictive tasks had a trivial solution from the fuzzy model point of view. This results from the fact that in the monitored period the values of the observed variables accelerating the GDP growth rate increased monotonically and the values of the observed variables slowing the growth rate of GDP declined monotonously. Nevertheless, some differences can be identified in predictive fuzzy models for 2018 and 2020. The econometric forecast predicts a moderate deceleration in the GDP growth rate for 2019 compared to 2018. This deceleration is not signaled by the uploaded data and thus, they did not enter in the fuzzy model.
The interpretation of this situation is that the econometric model utilizes the information that the fuzzy model does not work with. Regardless of whether or not experts who form the fuzzy model have this information, they should respond to the predicted slowdown according to experience gained by changing the interval of a priori expected values of ΔGDP%. For example, by reducing x max to 2.2 and increasing x min to 1.1. Then, by the reverse conversion of y 0 to ΔGDP% we obtain the predicted ΔGDP% = (84.4 • 1.1 / 100) + 1.1 ≈ 2 for the year 2020, i.e., at the level of the econometric forecast for 2019.
Conclusion
The aim of the paper was to present a general fuzzy system for solving managerial problems operating under conditions of internal uncertainty of the model of the solved task and formulated within the Zadeh's fuzzy approach, offering subjectively expected values as an alternative to statistically expected values. The fuzzy system works in conjunction with knowledgeable experts who, inter alia, based on experience gained, determine the limits of the interval in which the resulting value can be a priori expected; within these limits, the fuzzy algorithm then finds the "right" value.
The theoretical basis of the fuzzy algorithm leans on the transformation of one of the important concepts of fuzzy logic, the so-called extension principle, to the level of the linguistic variables and their terms in which the problem is solved. The fuzzy algorithm is applied in predicting the GDP growth rate of Greece in 2018 (compared to the reported econometric forecast) and 2020 (a new contribution to the paper). The forecast default data are the components of the previous four-year evolution of the three macroeconomic indicators (long-term interest rates, investments and unemployment). These are used in the fuzzy model formulation phase within which experts get the opportunity to take into account their knowledge and experience. The process of solving a task is purely mechanical and independent of the human factor in which the data play the role of external inputs to the fuzzy algorithm.
Both of the predictive tasks had a trivial solution from the fuzzy model point of view that did not enable adequate demonstration of the technical complexity of the respective fuzzy operations. It resulted from the fact that in the monitored period the values of the observed variables accelerating the GDP growth rate increased monotonically and the values of the observed variables slowing the growth rate of GDP declined monotonously. However, they allowed the demonstration of one of the ways through which the experts can correct the deficiencies of the fuzzy algorithm. The deficiency here was the missing information originating from the source which the fuzzy algorithm did not work with; the correction option was a change of interval limits of a priori expected result values.
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